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Abstract: Contrastive learning, as a self-supervised approach, enables the extraction of target
representations from unlabeled SAR images, serving as a critical technique for automatic target recognition
(ATR) in SAR. However, existing models often encode targets and backgrounds holistically, resulting in
feature representations contaminated by background interference, which diminishes the model’s ability to
focus on targets. To address this issue, this paper proposes a novel multi-branch dual contrastive learning
model. Firstly, the model retains the conventional instance contrastive branch while introducing an
innovative background correction contrastive branch, establishing a multi-branch contrastive learning
framework. Secondly, through a random recombination strategy of targets and backgrounds in positive and
negative samples, combined with the ResNet50 backbone network and self-attention pooling to enhance
semantic feature extraction, an optimized dual contrastive loss function is employed to refine target feature

learning and mitigate spurious correlations between backgrounds and targets. Finally, Shapley value
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analysis based on the MSTAR dataset validates the model’ s effectiveness, and target classification results
demonstrate that this approach significantly enhances the causality of feature extraction, substantially
improving the generalization performance of SAR ATR algorithms.

Key words: SAR ATR; self-supervised contrastive learning; representation learning; background debiasing
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Fig.1 Shapley value curves of SAR target area and background area during SImCLR model training process
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3 SLBERS5HIR *2 MSTAR HIEEFHEER
Table 2 Detailed information about the
3.1 HBEESILWIRE MSTAR dataset
A SCHET MSTAR 4l 5 9745 BDDCL & B E6E B A B
BT 256 389 76 by v i F 5 4 (Standard operating condi- A FIs 7S 15 £
tions, SOC)™ N BEAT o i 14 45 9 — S v, 7™ 4% 42 ol 299 274
T A5 A R R R T O PP 194
00 e 5 A, 003 R LS B L AR R B R T BMP2 9566 21 232 196
30 dB,r#EE N 0.3 mo AR IEXT L 5250 19 A L I 233 196
S5 5 03K 4 e W) — H bR 28 51 b 2k AR R A S Hodh . BRDM2 E-71 298 274
BMP-2 #il T-72 43 %] 2% H BMP2-9563 #il T72-132 #15 ~ BTR60  K10yt7532 256 195
MEIZREE , LU A R T4, £ 290l HirZe  BTR70 c71 233 196
YT 55 A Ff B B AR S AR SR I T AN D7 92v13015 299 214
ACHBIET R RAE— A B HERE GPU TS B8, A51 132 299 273
B fF B K - Intel (R) Xeon (R) Sliver 4215R CPU 232 196
(3.20 GHz) . 256.0 G RAM #l NVIDIA GeForce RTX 179 412 &7 231 195
3090 GPU. TAEuh b228547 6447 Windows10 R 40, I 24 259 191
T python 3.7 HNERRE2: > T HAL Py Torch 1.10.2, By AL El2 299 2
7SU234 do8 299 274

YR SIMERIIEIEEAEE F T Python APy Torch 328t
3.2 HEEIMEITHES SN

2T o R R CRRAE BT R A0 AT AT AR I IE R s AT R A 2 4 VAL L RS T T BDDCL AR AR
SAR KB 254F 55 R B, 23045 B2 B, BDDCL B BUR Y AE SOC 4 NS B T @ ks 5 B AR
S AT AN T A SO AR IR B AT RCR LRI, A RAE T H AR A T A E

k4 T PEAl BDDCL A (14 4 28 PE R, F I 25 8 109 20 i #8115 b 4R BURRAIE )5, R T SoftMax 43
AR HEAT PR REMAR , I E S TE AR B RE AR BT B RE AR Y HE (A 1F B 2 A R (P )
MR RPEBE 5 bR . 3B R T BDDCL B EITE SOC T (1415 1) 45 5 V8 6 0 14 |, 40 B %o 1 2k 6 4 B

*3 BDDCLEBEMREREZGTHIRANER
Table 3 Recognition results of BDDCL model under SOC

25 281 BMP2 BRDM2 BTR60 BTR70 D7 T72 T62 ZIL131 7ZSU234 P./%

251 258 0 12 0 0 1 1 0 2 0 94.16
BMP2 1 189 0 0 1 0 2 2 0 0 96.92
BRDM2 1 2 267 0 1 0 0 0 0 3 97.44
BTR60 1 0 5 181 0 0 0 0 0 0 96.79
BTR70 6 1 8 0 181 0 0 0 0 0 92.35
D7 0 0 0 0 0 271 0 0 3 0 98.91
T72 8 0 1 1 0 0 252 0 3 1 94.74
T62 0 0 0 1 0 0 0 194 0 1 98.98
ZI1L131 0 0 3 0 0 4 0 0 230 0 97.05
ZSU234 2 0 2 2 0 0 6 0 1 261 95.26

Overall 96.24
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FER IR REAR S 450 s B IBIRIA 96.24 %, LR
ME, T62 M D7/ 28 & 98% , BRDM2 1 Z11.131 ##
1197 %%, AR HE 92% LA I . X B BDDCL £ % 5
g I\ 1028 H b5 v 48 IBCR A IX o 1 A (e R AIE |, 7 5t ih Aol
B BRI SRR 3 S PERE . BRI SR Ok i £k dn 1&] 5 P
IR HE— 2 T N st AR A R

BT bR MR T R R R AE 2 2T L IF e b
BDDCL 2 8% £ 41 56 15 50 {5 B A M il g 71,315 7 SAR
FE% B AR AT 5 XA VI 2t B2 v Shapley {1928 16, 245 5%
WA 6 BT 7R o H B AT, H bR X8R Shapley {H 7EHT 1 500
BRFE ETJH, 2 3500 % 558 e 0.6 Zc A 5 1 1 55 X1
Shapley fH 4G A AEFF7E 0.1 2247, I AR T H AR X 5, X K W
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Fig.5 BDDCL model training loss curve
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Fig.6  Shapley value curves of target area and background area of SAR images during BDDCL model training process
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(a) Network feature map without compensation (b) Network feature map after compensation
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Fig.7 Feature maps of the network before and after background debiasing
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M, 90 2% 5 S5 DX 3ol 00 T (B o % F AR G TE R RO SRR B 2R 2T R T(b) R 4
s J5 A P LE B s DXl 800 (S 3 1 0 I S DXL JE G o X SR W T AR O R A RO AR T
T RAE N 22, 42 TF T RERLG AR X380 06 T fig

it — 2 PEAG BDDCL BB (938 17 80R , Ge 31 7 YNV 2R A0 3000 B B (4 #E B o I 25 B B ol 128 1%
F X128 Z I REA , BBk 2 687, batch size B4 16, ¥ 58 AL — A U1 25 A A B 24 1 mine 038 B BE
FEA K/ H 12818 % X 128182 , ¥k 2 373, batch size Hg 16, T S AE I 24 31 s, - 249 B RE 7 1 ) i
]2 13.06 ms. 3% S 45 5 W] TR 7E A5 i PR BE 09 [F) B, LA 35 i s AT R0% o
3.3 HENEZARIE

T AT VEAG B A9 BDDCL AR 5 5 v fig ,
i 5 1 G2 i Xt He2F o B SimCLR™ R MoCo'* fy
Xt b, A AT T AR R BE L B bR X Tk T W
MG RE S BRI 2 5 . JRAE SOC F kAT,
i - 0 3 B 0
iigiiii;ﬁiﬁzgi:iffiﬁ ;’;:ii;ngSf/:lﬁ% H bR X 7 Shapley . 0.593  0.321  0.303

B ' H 4% X 88 i) Shapley {

FH0.08% F10.16% , % Ml HAE SAR 1% 53 2 v LA Y BLO- 6T 635
Pt . 3k — 20 2T Shapley (HPF A HARXIUTTIR o o ospg Shapley . 0113 0.175  0.174
J£,BDDCL % [k 84.0% , tb SImCLRBEAL (64.7%0) 35 5 1 8k iy Shapley f
Fl MoCo ## (63.5% ) 43 £ /& 19.3% 1 20.5% , 1M1 A/ %
T e DB b SRR . X BHIE T BDDCL A2 R B
A AR [ BR R AE 05 I 1 A R 5T, R B X 22 el OE SRR AR X b 2 ST HE B0 3 5 M A Y S
2 f e 1

b B 3E BDDCL AR AU X6 B A 15 5% (032 A BE 1, B0t 7R 48 | O B3 D 1 BEUIR 1) H A DX IR0 75 5
B o B AL ZE A 5, H AR BDDCL B2 il SImCLR A 5 1 43 5P B . N6 5 07 7R , S 45 41 i
7, BDDCL AR T 75 B A= 15 58 A AR ) 28 3k 94.35% , Horp T62 3R 5% 35 100% , BTR60.D7 . ZI1.131
M ZSU234 ¥ 95% , & B Ae A 2 R B H AR R AE , X8 SR (b R B R F @ nitE . L2 R,

X5 BDDCLE#EEXMFHEAETSTERAIRANER

Table 5 Recognition results of BDDCL model for pictures under unfamiliar background

x4 RERESFHTIRER
Table 4 Experimental results under SOC

BDDCL SimCLR MoCo
HE A HE A H A
SR AR B P/ % 96.24 96.16 96.08

16.0 35.3 36.1

255 2S1 BMP2 BRDM2Z BTR60 BTR70 D7 T72 T62 ZIL131 ZSU234 P./%
251 258 0 3 0 0 1 7 0 5 0 94.16
BMP2 0 187 0 0 0 0 0 8 0 0 95.89
BRDM2 24 0 227 2 4 3 6 0 8 0 82.84
BTR60 0 1 4 178 0 0 1 0 3 0 95.18
BTR70 3 12 0 3 176 0 0 2 0 0 89.79
D7 0 0 0 0 0 273 0 0 1 0 99.63
T72 3 0 1 1 0 0 248 1 11 1 93.23
T62 0 0 0 0 0 0 0 196 0 0 100
ZIL131 0 0 0 0 0 4 0 0 233 0 98.31
ZSU234 0 0 1 0 0 3 3 0 4 263 95.98

Overall 94.35




KXF S ATREMILFEITHEA G SAR A5 BAFRH T FHBF5 % 697

SimCLR A R 5 3 54.36 % (WL 3% 6) , 1 fE W1 & 58 T F6 HEBRTEAMIRNER
BDDCL BRI 4387 1 AL S8 % b2 > Jy ik )l 2t o i Table 6 Recognition results of images
HTT SRR, 75 17 X B A= 75 57 8 4 AN A2 5 1 BDDCL A5 under unfamiliar backgrounds
T 1 2R AR AR DX A A i 7 S D AR S e R R g P./%

HAR SR AR R v R B2 432 o T AR S 1 V2 AL R T AN R SimCLR 54.36

4 LEHIE BDDCL 94.35

A SCET X SAR ATR TR BERAE 57 ~J vy 5 Ak 14 f 22 )AL, $1 HY T — ol 2 00 X6 BE 2 > B R
R DA OC LA 7 vk o il I T AR A R R R BRI TR A F S S T SR IR SRR AR RS . %5 ik
AL AR SAR EIE H AR DX, X 75 5% DXCBBEAT 1 X% e, DT 8 Jal 45 784 5% £ H AR i 37 19 38 L
7 IR N TE T 5 DX BURRAIE o 52 56 45 2R i 5 Shapley {8 BEAT B AT A B 23 Ak B 1 Bir 2 07
5 BE NS 10 CRH5 SR AV RE A9 [R] I, A3 A0 08 /0 A 8 X J6 5G4 535 I8 e P0L45 B2 o ) 3 S5t 25 i A Y I =%
TET XA SRS PR AT A SE PRI 5K .
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